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The paper presents production function estimates of human capital and business research 
and development knowledge for a panel of Canadian food manufacturing industries over 
the period 1993-2004. Our results show that physical and human capitals are major 
determinants of food manufacturing productivity. Business research and development 
(R&D) was found not to be a major factor shaping food manufacturing productivity. This 
result is consistent with previous studies showing that not only is R&D an important 
factor but engineering practices, information technologies, and equipment suppliers are a 
key ingredients shaping the technological landscape of food manufacturing. In addition, 
we tested the robustness of our food manufacturing sample results to a larger sample of 
manufacturing industries (food, wood, paper, fertilizer) over a shorter time period. Our 
results show from employing different panel model estimators business R&D was a 

















Business research and development (R&D) and government funded research and support 
programs (e.g., R&D tax credits) have become important elements to enhance productivity 
growth and foster improvements in living standards. It is generally recognized by policy makers 
that R&D and innovation are important factors influencing productivity growth. Business R&D 
is a major source of funds for manufacturing firms involved in applied and development research 
activities in Canada. For example, science and technological advances in Canadian food 
manufacturing have resulted not only in the development of new products and production 
processes but also in the creation of improved engineering techniques and packaging materials. 
Innovation in food manufacturing is much more about investing in science and technology but 
also on developing new products that are responsive to the needs of customers. While there is 
some evidence in the literature on the important contribution of R&D to productivity growth, 
less information is available in Canada on the joint effects of business R&D and human capital 
on the determinants of manufacturing productivity growth. According to Sharpe (2006), a small 
proportion of Canadian firms undertake R&D, and thus the adoption of best management 
techniques is the basis of the innovation effort undertaken by the bulk of manufacturing firms. 
This observation is consistent with the general view by researchers and policy makers that 
Canadian manufacturing industries have low R&D intensities, attributed partly to their 
geographic size, industrial structure, and foreign ownership (Iorwerth, 2005).  
 
  3  Standard growth accounting models in the literature have been employed to explain that 
increases in output growth are not only due to the accumulation of traditional factors (capital and 
labor), but to ‘Solow residual’ (total factor productivity growth) explained by investments in 
knowledge capital.  There is some debate in Canada that the official R&D definition established 
by the OECD may be underestimating the amount that domestic businesses may be expending on 
science-based innovation capital since Canadian firms relies on imported R&D and licensed 
technology from abroad (Baldwin, Beckstead, and Gellatly, 2005). 
 
  The majority of studies in the literature examining the performance of R&D on 
productivity growth have concentrated on studies using firm-level data rather than industry-level 
data.  For confidential reasons, firm-level data is generally not readily available in Canada. 
Industry-level studies (Griffith, Redding, and Van Reenen, 2004; Bitzer and Stephan, 2002; 
Smolny, 2000; Goto and Suzuki, 1989) undertaken in industrialized countries have shown that 
there is a positive relationship between R&D investments and productivity growth. However, the 
shortcomings with industry-level studies are that it is very difficulty to compare them since they 
used different model specifications and variable definitions in their model estimates. For 
example, Smolny (2000) did not include a sectoral measure of R&D expenditures in their 
German study while their measure of human capital was based on the average sectoral wage in 
relation to the average aggregate wage. 
 
  This paper presents empirical evidence of the joint effects of business R&D and human 
capital on Canadian food productivity growth employing industry-level data from Statistics 
Canada annual surveys of manufacturing firms. Statistics Canada collects detailed domestic 
  4intramural company R&D expenditures. According to Odagiri and Iwata (1986), company R&D 
data is likely to be less accurate than industrial R&D data, and thus this disadvantage has to be 
weighed against the advantage of a large sample size from employing company data in empirical 
studies. A further advantage of industry-level studies is that they can capture spillovers effects in 
a more comprehensive manner than micro-level studies. Griliches (1998) was one of the earlier 
economists to examine the relationship between R&D and industry productivity growth and 
concluded that there was a strong relationship between the intensity of private R&D expenditures 
and growth in productivity. 
 
Canadian business R&D expenditures comprise wages & salaries, land, buildings, and 
equipment. Statistics Canada doesn’t adjust for double-counting industry R&D employees by 
subtracting them from total industry employment nor adjust industry R&D capital stock by 
netting them out from the total industry physical capital stock. In this paper we did not account 
for foreign ownership or of the influence of information and communication technologies (ICT) 
effects on food productivity growth. Studies have shown that the adoption of ICTs, such as local 
and area wide networks were positively associated with higher productivity throughout the 1990s 
for food manufacturing firms (Baldwin, Sabourin, and Smith, 2003). 
 
  The structure of the paper is as follows. A description of the data variables and the 
sources of the data are provided in section 2. The econometric framework is presented in the 
third section. Estimation issues and panel regression model results are presented in the fourth 
section. The final section summarizes the study and identifies opportunities for further research. 
 
  5DATA DESCRIPTIONS AND SOURCES 
 
 
The panel dataset employed in this paper is based on Statistics Canada annual survey of 
food manufacturing value added, employment, physical capital stock, human capital, and level of 
R&D (Table 1).  Food and beverage manufacturing was broken down into ten industries: animal 
feed, grain and oilseed milling, meat product, dairy product, fruit and vegetable preserving and 
specialty food, bakeries and tortilla, sugar and confectionery, seafood product preparation and 
packaging, beverage manufacturing and “other” food manufacturing. To examine the robustness 
of our results we compared the food manufacturing sample results to a larger sample of 
industries (food, wood, paper and fertilizer/pesticide manufacturing) over a shorter time period. 
 
Industry value added is defined as Gross Domestic Product (GDP) in constant (Laspeyres 
fixed weights) 1997 dollars and measured at basic prices. Industry value-added at basic prices is 
GDP calculated at market prices less tax paid on products plus any subsidies on consumption 
(Baldwin et al., 2005). Industry value-added data is obtained from the Industry Measures and 
Analysis Division of Statistics Canada. Labor employment data comprised the number of 
production and non-production workers, average weekly hours worked, and average weekly 
compensation. Industry Labour input data are taken from the Labour Force Survey Division of 
Statistics Canada. Physical capital is the end-year net stock (geometric depreciation) in constant 
1997 dollars and obtained from the Investment and Capital Stock Division of Statistics Canada. 
Physical capital stock comprises building and engineering construction, and machinery & 
equipment used in the production process. Physical capital stocks are measured by the perpetual 
inventory method. Human capital is defined as the proportion of the working population who has 
completed either a university degree or attained a post-secondary certificate. Industries with 
  6higher proportions of human capital are likely to be more innovative, have a higher absorptive 
capacity to adapt technologies developed elsewhere and invest in R&D at a faster rate than 
industries with a lower proportion of human capital. Human capital data for manufacturing 
industries was provided through a personal request to Statistics Canada (Gisele Parent, 2005). 
Statistics Canada definition of research and development includes all expenditures that support 
natural and engineering scientific investigations undertaken to achieve commercial advances that 
are likely to be patentable (Baldwin, Beckstead, and Gellatly, 2005). Excluded from this 
definition are market and social science research and innovation-related activities designed to 
improve productivity and efficiency of the work force such as training and education.  For this 
study, business intramural R&D expenditures were adjusted to real inflation-adjusted terms by 
deflating them by the Gross Domestic Product implicit price index. Industry R&D expenditures 
under the North American Industry Classification were only available for the period 1994-2004. 
The R&D capital stock is constructed from business R&D expenditures and is based on the 
perpetual inventory method as shown in equation (1). 
 
1 1 , , , ) 1 ( ) 1 ( − − + − = t i t i t i R K K δ  
where Ki, t  = research capital stock, Ri, t =  real R&D expenditures, and δ =  depreciation rate. To 
explore how sensitive industry output growth was to the R&D capital stock variable, two R&D 
capital stock measures were computed. One was based on a 10% deprecation rate while the other 
was based on a 15% deprecation rate. 
  
The bulk of the data employed in our study pertained to the food & beverage 
manufacturing sector. We tested the robustness of our results by comparing food manufacturing 
  7industries with a larger sample of industries (food, wood, paper, fertilizer/pesticides) over a 
shorter time period. Food and beverage manufacturing is Canada’s third largest manufacturing 
industry employing close to 287,000 people with a gross domestic product of $21 billion in 
2004.  
 
The data employed in the food manufacturing sample covered the 1993-2004 period, 
while the larger manufacturing sample was based on the 1997-2004 period. For some food 
industries (Grains & Oilseeds; Bakeries & Tortilla; “Other Food”) value-added data were not 
available for the 1991-1996 period.  The reason why value-added data for selected industries was 
not available prior to 1997 was because the North American Industry Classification (NAICS) 
system was adopted in 1997. Prior to 1997, the 1980 Standard Industrial was used for 
manufacturing industries. The differences between both classification systems made it difficult to 
have a common beginning period for the value-added data in all industries. 
 
Table 1 describes the descriptive statistics for the panel sample of manufacturing 
industries. Among food industries, labour productivity (output/hour) was higher for grains & 
oilseeds and beverage manufacturing. For forestry industries, higher labor productivity was 
reported for the pulp & paper mill industries. A key determinant of labour productivity is 
reflected in organizational changes adopted in plant operations and the level of capital intensity. 
Among food manufacturing, the capital stock/labour ratio was higher for the grains & oilseeds 
and beverage manufacturing industries (Table 1). The capital stock-labour ratio for the pulp and 
paper manufacturing sector was roughly four times that of the grains & oilseeds and beverage 
manufacturing industries.  
  8 
Another factor that has shaped labour productivity in Canadian manufacturing over the 
years is the level of business R&D investment in the creation of new production processes and 
products. Unlike federal R&D expenditures, Canada has improved private R&D performance 
with business sector R&D investment increasing at the national level by roughly 100% between 
1990 and 2004 (Figure 1).   
 
For our panel sample of industries, R&D intensities varied across industries. 
Pesticides/chemicals/fertilizers and pulp and paper manufacturing industries had higher research 
intensities than food and beverage industries (Table 1). Perhaps, the differences in research 
intensities between both groups of industries may be due to the industrial structure and the level 
of foreign ownership among food manufacturing industries.   
 
EMPIRICAL MODEL AND ECONOMTRIC SPECIFICATION  
 
The econometric model adopted in this paper is based on the method adopted by several 
authors (Rogers, 2005; Smolny, 2000; Smith et al., 2000; Harhoff, 1998; Hall and Mairesse, 
1995). An industry production function can be described by a Cobb-Douglas production function 
given as follows: 
 
(2)     ,
it
it it it it
T
it H K L C Ae Y ε
ϕ γ β α λ =
where Yit  = value added for industry i in year t, A = knowledge spillovers,  T  =  time  dummies, 
C = capital stock, L = labour,  K = knowledge R&D capital,  H = human capital, and ε = 
  9multiplicative disturbance error term that captures measurement error. Equation (2) can be 
expressed in logarithmic form and this is denoted as follows: 
 
it it it it it t i it h k l c T a y μ φ γ β α λ ψ + + + + + + + = ) 3 ( 
 
where yit  = log Y, ψi   =  unobserved industry specific effect that is time invariant,  Tt = time 
dummies to control for macroeconomic shocks, cit  = log C, lit  = log L, kit  = log K, and hit = log 
H. It is possible that unobserved industry effects will be correlated with the explanatory variables 
in equation (3). The error term (μit) can be considered of consisting of three components: one 
component that controls for macroeconomic shocks (Tt); another for unobserved industry effects 
(ψi );  and a third for measurement error in the variables (ε it). According to Hall and Mairesse 
(1995, equation (3) for interpretative reasons can be transformed and expressed in deviation form 
so that constant returns to scale can be assessed directly. This is illustrated below where the 
labour input variable is subtracted from both sides of equation (3) and expressed as follows: 
 
it it it it it it it t i it it l h l k l c T a l y μ φ γ α λ + − Φ + + − + − + + Ψ + = − ) 1 ( ) ( ) ( ) )( 4 ( 
where the coefficient (Φ-1) on the labour input variable provides a direct measure whether 
returns to scale are constant or not. Having a coefficient value on the labour variable that is 
significantly different from zero implies that constant to returns to scale can be rejected. It is 
important to note that the elasticity measure (γ) in equation (4) indicates the responsiveness of 
industry output growth to investment in R&D. The R&D capital elasticity (γ) is assumed to be 
the same for all industries in the production function. 
 
  10  In the empirical literature researchers have also addressed the issue of the rate of return to 
R&D investment. This approach assumes that the rate of return is constant across 
firms/industries. Hall and Mairesse (1995) argues that there are certain weaknesses with this 
approach since it hinges on what assumptions are made with respect to the relationship between 
R&D and productivity growth and whether a gross or net measure of R&D is employed in the 
production function setup. Expressing equation (2) in first differences yields the following 
equation given as 
 
it it it it it t it l h k c T a y μ φ γ α Δ + ΦΔ + Δ + Δ + Δ + Δ + Δ = Δ ) 5 ( 
where   ) / )( / ( it it it it Y K K Y ∂ ∂ = γ  
 
According to Harhoff (1998), the term Kit Δkit  can be approximated by research and 
development expenditures (Rit ) without any adjustment for depreciation. As a result, the gross 
rate of return can be estimated directly from equation (6) given as follows: 
 
it it it it it it t it l h Y R c T a y μ φ γ α Δ + ΦΔ + Δ + + Δ + Δ + Δ = Δ ) / ( ) 6 ( 
 
ESTIMATION AND RESULTS  
 
In this section of the paper different estimation approaches and sample sizes are 
presented and discussed in terms of their effects on manufacturing productivity. In Table 2 we 
report the results for the food manufacturing sample while Table 3 reports the results for a larger 
sample of manufacturing industries including food, paper, wood, and fertilizer/pesticides over a 
  11shorter time period. Because of the simultaneity problem in productivity econometric model 
approaches, we report the results of a random effects model that recognizes that labour and 
capital can be endogenous variables (Table 4). Equation (4) was estimated with/without constant 
returns to scale imposed. For all production function estimations, time dummies were included to 
measure macro economic shocks which may affect the rate of productivity growth. The R&D 
knowledge stock variable employed in the final production function estimates was based on a 
depreciation rate of 10 percent. The Breusch-Pagan Lagrange multiplier (LM) test for random 
effects revealed the null hypothesis (pooled OLS) was rejected in favour of the random effects 
model. The random effects model examines how group and/or time affect the error variances. To 
compare the validity of the random effects model versus the fixed effects model required 
employing the Hausman specification test. This test determined whether unobserved industry 
effects in our sample were correlated with the regressors in equation (4). The Hausman Chi-
square values were not large enough indicating that random effects are the more efficient 
estimator. The random effect estimation is more apt for our purpose since it exploits information 
across industries and estimates behavioral relationships that contain variables that differ across 
industries. Basically, our model can be considered a one-way random time effects model without 
cross-section heterogeneity. Hence, the explanatory variables in the random effects model are not 
correlated with the unobserved industry effects. 
 
  Table 2 reports the fixed/random effects estimates for ten food manufacturing industries 
with/without constant returns to scale imposed. Model (3a) reveals the random effects estimates 
with constant returns to scale not imposed resulted in physical and human capital coefficients 
that were positive and statistically significant. Based on the statistical significance of the labour 
  12coefficient it is evident that constant returns to scale were accepted. The coefficient for R&D 
capital though positive was not statistically significant. It is shown from Model (5a) that when 
constant returns to scale were imposed elasticity estimates for human capital and R&D 
knowledge were slightly higher than model (3a). Thus, the growth in food manufacturing 
productivity is driven more by physical and human capital than by business investment in 
research and development. The low explanatory power of business R&D on food manufacturing 
productivity may be due to the industrial structure of food processing in Canada coupled with the 
effectiveness of policies (e.g., R&D tax credits, patent protection, regulations) and the 
competitive environment. The industrial structure of food manufacturing in Canada is dominated 
by foreign-controlled firms. In 1997, foreign-controlled firms accounted for 51% of the total 
R&D spending in food manufacturing (Tang and Rao, 2001).  
 
Traditionally, food manufacturing industries in the industrial world were perceived as 
low-research intensive as measured by R&D/sales ratio. However, recent empirical research has 
shown the important contribution made by upstream industries (e.g., machinery and equipment 
suppliers) to the technological advancement of the Spanish food & beverage industry (Martinez 
& Briz, 2000). The Spanish evidence is similar to those reported by Baldwin and Sabourin 
(2002) emphasizing the important role production and engineering departments have made to 





  13ALTERANTIVE SAMPLES/MODEL SPECIFICATIONS 
 
To examine the robustness of our food manufacturing results, equation (4) was re-
estimated for a larger sample of manufacturing industries including food, wood, paper, and 
fertilizer/pesticides over a shorter time period. In the literature, food, & beverages, wood 
products, and paper products are generally considered low-tech while fertilizer/pesticides are 
medium-tech industries. To capture industrial differences in our panel model estimates we 
included a dummy variable (1, 0 otherwise) for fertilizer/pesticide industries since they are 
considered more research intensive that food, wood, and paper manufacturing.  
 
Table 3 reports the production function estimates for the larger panel of manufacturing 
industries.  Unlike the labour coefficient value in model (3b), the coefficients for physical, 
human, and R&D knowledge capital were positive and statistically significant. The 
insignificance of the labour coefficient implied that constant returns to scale were accepted. 
Previous studies (Hall and Mairesse, 1995) employing firm-level data reported constant returns 
to scale were accepted for within-regression estimates. For Model (5b), which accounted for 
constants returns to scale, coefficient values for physical, human, and R&D capital were 
reportedly larger than those reported in model (3b). What our results highlight in table 3 is that 
employing a larger sample of manufacturing industries resulted in R&D coefficient values that 
were higher than those reported in Table 2. Further evidence of these differences in the R&D 
coefficient values were observed when simultaneity issues were considered in equation (4). 
Rogers (2005) recognized the simultaneity problem for UK firm-level data and recommended 
instrument variable (IV) technique as a suitable method to remedy the problem. Table 4 reports 
  14the IV results for the food and the larger sample comprising food, wood, paper, and 
fertilizer/pesticides. The IV results also support the larger R&D coefficient values reported in 
previous random effects models. The discrepancy in R&D coefficient values between both 
samples may lay in the sample period employed combined with the mix of industries analyzed. 
The year 1997 was the year when the NAICS system was established for manufacturing firms in 
North America and thus the possibility for measurement error may likely be less for 




In the empirical literature it is generally accepted that there is a positive relationship 
between R&D investments, innovation and productivity growth. R&D investments not only 
allow manufacturing firms to develop new product and process innovations but also allow them 
to adapt and use technologies developed by other industries or firms/industries from other 
countries Hazledine (1991) in a review paper about fifteen years ago looked at the 
methodological approaches various authors had used to examine Canadian food manufacturing 
productivity. Needless to say that since Hazledine’s paper was written there has been very little 
research undertaken to examine business R&D in the Canadian food manufacturing sector. 
Based on industry data for ten manufacturing food industries over the 1993-2004 periods, we 
employed panel data models to quantify the determinants of Canadian manufacturing 
productivity. Different R&D capital stock measures were employed using depreciation rates of 
10% and 15%, respectively. Alternative panel data models were investigated and diagnostic tests 
indicated the random effects estimator was a more efficient estimator for quantifying the 
behavioral relationships across food manufacturing industries. Our results showed based on the 
  15random effects model that physical and human capital was major determinants impacting food 
manufacturing productivity. The output elasticity for R&D estimator though positive was not a 
significant variable. It is important to recognize that may of the studies that have looked at the 
relationship between productivity and R&D using firm-level data have made adjustments in their 
estimates for the double counting of R&D in both labour and physical capital. Unfortunately, 
Statistics Canada in their annual survey of manufacturing establishments do not account for the 
double counting of firm R&D expenditures. 
  
To determine the robustness of our food manufacturing sample results we estimated a 
production function comprising a larger sample of manufacturing industries (food, wood, paper, 
fertilizers/pesticides) over a shorter time period. Dummy variables were employed to capture 
industrial differences. Food, wood, and paper are considered low-tech while fertilizer/pesticides 
are medium-tech industries. Our production function estimation results with this expanded 
number of manufacturing industries revealed higher R&D elasticity estimates than those 
obtained from the food manufacturing sample. These higher R&D elasticity estimates were 
further supported when both samples were estimated by instrumental variable techniques to 
address the potential correlation between the error disturbance and input variables (labour, 
physical). 
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  19Table 1:Descriptive statictics of productivity variables, 1991-2004
Industry Real GDP/ Real GDP/ Capital stock/ R&D/Value-added
worker hour worked worker ratio
($Cdn) ($Cdn) ($Cdn) (percent)
Animal food Mean 66,358.4 36.7 103,263.6 0.45
Std. deviation 8,210.4 5.5 13,166.0 0.16




oilseeds Std. deviation 25,625.7 13.9 9,079.2 0.27
Sugar and  Mean 92,881.7 52.0 83,939.8 0.27
confectionery Std. deviation 14,211.6 10.5 8,898.2 0.19
Fruits and  Mean 72,464.0 39.3 74,337.6 0.48
vegetables Std. deviation 10,349.8 6.6 5,095.6 0.16
Dairy Mean 93,464.1 52.2 89,520.8 0.79
Std. deviation 7,778.3 4.0 8,039.7 0.20
Meat product Mean 54,862.2 30.3 45,240.0 0.36
Std. deviation 4,526.6 3.4 3,216.1 0.08
Seafood Mean 28,179.9 16.7 33,911.3 0.46
Std. deviation 3,650.2 2.2 2,971.5 0.15




tortilla Std. deviation 2,952.6 1.1 2,700.5 0.11




Std. deviation 2,849.4 1.3 3,162.4 0.10
Beverage Mean 121,237.9 67.6 144,660.2 0.48
manufacturing Std. deviation 5,769.8 3.8 6,858.2 0.16




Std. deviation 14,715.7 7.9 5,549.1 0.03




 Wood Prod. Manufacturing Std. deviation 6,879.1 4.2 11,904.5 0.3
Pulp, Paper & Paperboard Mills Mean 125,825.4 61.8 508,981.7 2.3
Std. deviation 20,442.0 11.0 44,812.7 1.3
Pesticide, Fertilizer & Other  Mean 185,699.5 96.3 219,422.3 2.0
Agric. Chem Manufacturing Std. deviation 74,616.2 40.1 116,415.7 1.9
Notes: 
a   Pertains to the 1997-2004 period
Source: Author(s) calaculations based on Statistics Canada surveys of manufacturing industries
 
  20Table 2: Production function estimates of buisness R&D on food manufacturing productivity
Model 1a Model 2a Model 3a
Pooled OLS Fixed Effects Random Effects
Dependent variable:  Dependent variable:  Dependent variable: 
Log (Value-added/ Log (Value-added/ Log (Value-added/
person) person) person)
         Intercept 0.1110 0.6116 -0.5679
0.32 (0.30) (-0.63)
         Log (capital/person) 0.5896 0.4776 0.6886
(12.28) (2.54) (6.64)
          Log (labour) 0.0410 -0.2621 0.0455
(1.22) (-0.89) (0.42)
          Log (human capital) 0.2539 0.1101 0.1296
(4.53) (1.51) (1.90)
    Log(R&D capital/person) 0.2297 -0.1113 0.1103
(5.92) (-0.78) (1.51)
          No. of Obs 108 108 108
           Hausman test 4.45
Breusch and Pagan test 249.06
           R
2 - adj (within) 0.88 0.37 0.87
Note: For model 2 & 3, constant returns to scale were not imposed; variables are in natural
logs and t-statistics are in parentheses
Model 4a Model 5a
Fixed Effects Random Effects
Dependent variable:  Dependent variable: 
Log (Value-added/ Log (Value-added/
person) person)
         Intercept -1.1173 -0.1628
(-1.57) (-0.40)
         Log (capital/person) 0.5951 0.6652
(4.45) (7.93)
          Log (human capital) 0.1153 0.1332
(1.59) (1.96)
    Log(R&D capital/person) -0.0150 0.1121
(-0.16) (1.68)
          No. of Obs 108 108
           Hausman test 4.28
Breusch and Pagan test 250.22
           R
2 - adj (within) 0.36 0.87
Note: For model 4 & 5, constant returns to scale were imposed  
  21Table 3: Production function estimates of buisness R&D on food, forestry & fertlizer manufacturing
Model 1b Model 2b Model 3b
Pooled OLS Fixed Effects Random Effects
Dependent variable:  Dependent variable:  Dependent variable: 
Log (Value-added/ Log (Value-added/ Log (Value-added/
person) person) person)
         Intercept 0.3550 0.8115 -0.0632
(1.10) (0.50) (-0.08)
         Log (capital/person) 0.3521 0.1116 0.2932
(7.50) (0.57) (3.33)
          Log (labour) -0.1552 -0.2587 -0.1035
(-4.30) (-1.13) (-1.16)
          Log (human capital) 0.4953 0.1381 0.1515
(5.24) (1.70) (1.94)
    Log(R&D capital/person) -0.0025 0.0586 0.1037
(-0.07) (0.71) (1.94)
          No. of Obs 112 112 112
           Hausman test 3.30
Breusch and Pagan test 277.68
           R
2 - adj (within) 0.76 0.32 0.75
Note: For model 2 & 3, constant returns to scale were not imposed; variables are in natural
logs and t-statistics are in parentheses
Model 4b Model 5b
Fixed Effects Random Effects
Dependent variable:  Dependent variable: 
Log (Value-added/ Log (Value-added/
person) person)
         Intercept -0.9935 -0.8961
(-2.61) (-3.25)
         Log (capital/person) 0.2942 0.3256
(2.65) (3.87)
          Log (human capital) 0.1456 0.1571
(1.79) (2.02)
    Log(R&D capital/person) 0.1237 0.1263
(2.06) (2.51)
          No. of Obs 112 112
           Hausman test 1.05
Breusch and Pagan test 303.07
           R
2 - adj (within) 0.31 0.72
Note: For model 4 & 5, constant returns to scale were imposed  
  22Table 4: Instrumental variable estimates for food manufacturing sample 
and the larger sample including food, forestry and fertlizer manufacturing
                                              Random Effects Model
Food sample Larger sample
Dependent variable:  Dependent variable: 
Log (Value-added/ Log (Value-added/
person) person)
         Intercept -2.3430 -0.3205
(-3.01) (-0.40)
         Log (capital/person) 0.7062 0.3059
(6.19) (3.09)
         Log(labour) 0.2354 -0.0584
(2.42) (-0.64)
          Log (human capital) 0.1872 0.2074
(3.01) (2.97)
    Log(R&D capital/person) 0.1018 0.1142
(1.38) (1.97)
          No. of Obs 101 98
           R
2
0.83 0.75
Note: Instrumented variables included labour and physical capital while the
 instruments included labour (t-1), physical capital (t-1), plus the other 










Figure 1: Gross domestic real expenditures on R&D by major performing sectors, 1990-2004
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